Recent saliency models extensively explore to incorporate multi-scale contextual information from Convolutional Neural Networks (CNNs). Besides direct fusion strategies, many approaches introduce message-passing to enhance CNN features or predictions. However, the messages are mainly transmitted in two ways, by feature-tofeature passing, and by prediction-to-prediction passing. In this paper, we add message-passing between features and predictions and propose a deep unified CRF saliency model . We design a novel cascade CRFs architecture with CNN to jointly refine deep features and predictions at each scale and progressively compute a final refined saliency map. We formulate the CRF graphical model that involves message-passing of feature-feature, feature-prediction, and prediction-prediction, from the coarse scale to the finer scale, to update the features and the corresponding predictions. Also, we formulate the mean-field updates for joint end-to-end model training with CNN through back propagation. The proposed deep unified CRF saliency model is evaluated over six datasets and shows highly competitive performance among the state of the arts.
Introduction
Visual saliency, born from psychology [18] , refers to the attentional selection process on the scenes by the human visual system (HVS). At its early stage, saliency detection models focus on highlighting the most conspicuous regions or eye fixations on a scene [12, 10, 16, 1, 47] . Later, the connotation of saliency is extended to object- * Guoying Zhao is the corresponding author. level prediction by emphasizing the most outstanding objects. As a result, many salient object detection models are proposed [41, 49, 32, 15, 29, 39, 26, 11, 24, 46] , which may have a broad range of potential computer vision applications, such as segmentation [34] , image cropping [36] , image fusion [9] , image classification [38] , crowd counting [31] , video compression [8] , etc.
Recently, CNN based saliency models extensively explore to incorporate multi-scale contextual information. Besides directly fusing feature representations, recent approaches introduce message-passing to refine the multiscale CNN contexts. Zhang et al. [50] propose a gated bi-directional message-passing module to pass messages among features, and thus to reinforce the multi-scale CNN features for saliency detection (Figure 1-a) . Other models pass messages among predictions based on the conditional random field (CRF). For instance, recent saliency models [23, 11, 21] tend to adopt Dense-CRF [19] that models highly structured message-passing between pixels on prediction maps, as a post-processing method for saliency refinement. Further, Xu et al. [44] introduce the multi-scale CRF to model message-passing between multi-scale prediction maps for depth estimation (Figure 1-b) .
After close inspection, we notice that there are clear influences between features and predictions, and thus propose a joint feature and prediction refinement model by performing an extra message-passing between features and predictions. As in Figure 1 -c, messages are passing between features and features, predictions and predictions, and features and predictions. The motivations are two-fold: Firstly, predictions may provide necessary contextual information to features. As the quality of the multi-channel feature maps may vary, the prediction map at the lower level can provide more spatial details to the features. As in Figure 2 , the selected feature map in the third column shows inferior quality. Via message-passing between features and predictions, the inferior feature map is enhanced with spatial and shape information from the lower level prediction map. Then, the reinforced deep features will further improve the corresponding prediction map. Secondly, building message-passing between features and predictions facilitates efficient model training. During back propagation, the loss error may be transmitted slowly to impact the lower level features. Modeling message-passing between features and predictions is crucial to strengthen the connection of the model for efficient model training.
Thus, in this paper, we propose a deep unified CRF saliency model that formulates messages passing with CRFs for joint feature and prediction refinement. We design a novel deep cascade CRFs architecture that is seamlessly incorporated with CNN to integrate and refine multi-scale deep features and predictions for a refined saliency map. At each scale, a CRF block is embedded that takes the features and predictions from the lower scale as observed variables to estimate the hidden features and predictions at the current scale. Within each CRF inference, feature-feature, featureprediction and prediction-prediction messages passing are built. Then, the output refined features and the prediction map are incorporated into the CRF block at the next scale. Thus, a series of CRFs are constructed in a cascade flow and progressively learn a unified saliency map from the coarse scale to the finer scale. Moreover, the CRF inference is formulated with mean-field updates that allow jointly end-toend training with CNN by back-propagation. The framework of the model is presented in Figure 3 .
The contributions of this paper are two-fold:
• We propose a cascade CRFs architecture that is seamlessly incorporated with the backbone CNN to progressively integrate and refine multi-scale contexts from CNNs for salient object detection.
• We model structural information of deep features and deep predictions into a unified CRF model for joint refinement and develop the mean-field approximation inference that supports end-to-end model training through back propagation.
Related Works
Saliency Models Based on Multi-scale CNNs In the past few years, a broad range of saliency models based on CNNs has been proposed. Early deep saliency models benefit from adjusting the inputs to VGG [37] , of which the inputs are either multi-scale resized images [28] or global and local image segments [24, 39, 54, 17] . Recently, deep saliency models extensively take the advantages of the multi-scale contexts from CNNs and adopt variable fusion strategies to produce the saliency map. A hierarchical architecture can effectively refine the CNN side outputs from coarse to fine scales [26, 52, 27] . PiCANet [27] hierarchically embeds global and local contexts. Moreover, some saliency models adopt recurrent or cascade structures to progressively learn saliency maps from coarse to fine scales [40, 20, 53, 4] . Zhang et al. [53] introduce a multi-path recurrent feedback scheme to progressively enhance the saliency prediction map. RA [4] introduces reverse attention with side-output residual learning to refine the saliency map in a top-down manner. Also, skip connections are widely applied to integrate prediction maps from CNNs [51, 11] . DSS [11] adopts short connections to the side output layers of CNNs to fuse multiple prediction maps. In this work, we aim at integrating multi-scale deep features and deep predictions to boost performance. Fully Connected CRFs As the conditional random field (CRF) is a flexible graphical model in incorporating label agreement assumptions into inference functions, it has been widely adopted for labeling refinement tasks. Several deep saliency models [23, 11, 21] take the advantages of CRF inference and apply a fully connected Dense-CRF [19] to CNN as a post-processing method for refinement. Dense-CRF works on the discrete semantic segmentation, which yields an effective iterative message-passing algorithm using mean-field theory. The mean-field approximation can be performed using highly efficient Gaussian filtering in feature space, reducing the complexity from quadratic to linear. However, Dense-CRF parameters are pre-selected by cross validations from a large number of trials and thus is disconnected from the training of CNNs. Zheng et al. Multi-scale features (f 1 · · · f 5 ) and the corresponding prediction maps (s 1 · · · s 5 ) are extracted from the backbone CNN. At each scale, a CRF block is embedded to jointly refine features and prediction maps with message-passing between features and features (f-f), features and predictions (f-s), and predictions and predictions (s-s). "h 1 · · · h 5 " and "o 1 · · · o 5 " are the estimated features and predictions at each scale respectively. "f 1 · · · f 5 " correspond to "pool5a", "conv5 3", "conv4 3", "conv3 3" and "conv2 2" in the enhanced HED [42] structure, while "s 1 · · · s 5 " are "upscore-dsn6", "upscore-dsn5", "upscore-dsn4", "upscore-dsn3", and "upscore-dsn2". The dashed arrows omit the details within the backbone CNN. Figure 4 details the implementation within each CRF block.
firstly formulate the CRF inference on top of CNN predictions that enables joint model training via back propagation for semantic segmentation. To solve depth estimation in the continuous domain, Xu et al. [44, 45] introduce the continuous CRF that incorporates multi-scale CNN prediction maps. Later, Xu et al. [43] also propose the attention gated CRF that allows message-passing among the continuous features for contour prediction. Chu et al. [5] pass messages among features for pose estimation. All these models formulate CRF with message-passing only among features or among predictions, while we first formulate the continuous feature variables and the discrete prediction variables into a deep unified CRF model. The new CRF formulation provides explainable solutions for the features, the predictions and the interactions among them, leading to distinct model formulation, inference, and neural network implementation.
The Deep Unified CRF Saliency Model
Formulation. Given an input image I of N pixels, suppose that a backbone CNN network computes L scales of
consists a set of M feature vectors. Accordingly, L scales of prediction maps S = {s l } L l=1 can be computed, where
The ground truth saliency map corresponding to the input image is denoted as g = {g i } N i=1 , and each element g i takes binary values of 1 or 0.
We formulate the CRF inference to jointly refine multiscale features and predictions. The objective is to approximate the hidden multi-scale deep feature maps H = {h l } L l=1 and the hidden multi-scale prediction maps O = {o l } L l=1 . In particular, at the l-th scale, the observed variables are the features f l−1 , f l and the prediction s l−1 , and the objective is to estimate the corresponding h l and o l . With a cascade flow of a series of CRFs, the side outputs are progressively refined from coarse (l = 1) to fine (l = L). The refined prediction map o L is the final saliency map.
The conditional distribution of the CRF at the l-th scale is defined as follow:
where Θ refers to the relative parameters. The energy function E = E(h l , o l , I, Θ) is formulated as follow:
(2) The first term of Eq. 2 is a feature level unary term corresponding to an isotropic Gaussian:
The third term is a feature level pairwise term describing the potential between features, where
where W l,l−1
The fourth term is a feature level pairwise term defining the potential between features and predictions, where
where V l,l−1 i,j ∈ R M ×M is also a bilinear kernel to couple the features and the predictions. o l−1 denotes a concatenation of M prediction maps o l−1 . The fifth term is a prediction level pairwise term defining the potential between the predictions as follows:
K 1 i,j and K 2 i,j are Gaussian kernels that measure the relationship between two pixels. Specifically, K 1 ij is the similarity kernel measuring the appearance similarity between two pixels as
ij is the proximity kernel that measures the spatial relationship between two pixels as
). ν 1 and ν 2 are the contributions of each Gaussian kernel, respectively. Inference. We perform the mean-field approximation to estimate a distribution q(h l , o l |I, Θ) = N i=1 q i,l (I, Θ|h l i , o l i ) that is an approximation to P (h l , o l |I, Θ) by minimizing the Kullback-Leiber divergence [35] . By considering J i,l = log q i,l (h l , o l |I, Θ) and rearranging its expression into an exponential form, the mean-field updates can be derived as:
Where Eq. 6 and 8 represent the mean-field inference of the estimated latent feature and prediction variables, respectively. Eq. 7 is the variance of the mean-field approximated distribution used as the normalization factor in Eq. 8. At the l-th scale, the optimal o l can be approximated by mean-field updates of T iterations on the prediction level. At each time t of the mean-field iteration, an estimated saliency map µ l t can be approximated. After T mean-field iterations, the estimated prediction map µ l T is regraded as the estimation of o l from the CRF at the l-th scale. The details of the meanfield updates are presented in Figure 4 .
In the cascade flow, the observation s l is obtained via integrating the prediction map s l and the estimated map o l−1 from the CRF at the previous scale, i.e., s l i = s l i + o l−1 i . Mean-field Iteration with Neural Networks. The inference of the CRF block is based on the mean-field approximation, which can be implemented as a stack of CNN layers to facilitate jointly training as in Figure 4 . The mean-field updates for Eq. 6 is implemented with convolutions. The similarity kernel K 1 and the proximity kernel K 2 in Eq. 7 and 8 are computed based on permutohedral lattice [2] to reduce the computational cost from quadratic to linear [35] . The weighting of β 1 and β 2 is convolved with an 1×1 kernel. By combining the outputs, the normalization matrix ρ l and the corresponding µ l can be computed. The weights β 1 and β 2 are obtained by back propagation.
Implementation
Training Data. As many state-of-the-art saliency models use the MSRA-B dataset [30] as the training data [11, 23, 40, 26] , we also follow the same training protocol as in [11, 23] to optimize the deep unified CRF model, for fair comparisons. The MSRA-B dataset consists of 2,500 training images, 500 validation images, and 2000 testing images. The images are resized to 240×320 as the input to the data layer. Horizontal flipping is used for data augmentation such that the number of training samples is twice as large as the original number. Baseline Model. In order to learn high quality feature maps and to fairly compare the proposed deep unified CRF model with the state of the arts, the front-end CNN is based on the implementation of DSS [11] with the enhanced HED [42] structure. Latest state-of-the-art saliency models, e.g., DSS [11] and RA [4] both adopt such front-end network to extract multi-scale side outputs. The only difference is that we discard the side output prediction maps computed from the layer "conv1 2", which is used as the sixth side output map by DSS [11] and RA [4] . Thus, totally five scales of side outputs are extracted. Specifically, the multi-scale features "f 1 · · · f 5 " correspond to "pool5a", "conv5 3", "conv4 3", "conv3 3" and "conv2 2" in the enhanced HED [42] structure, while the corresponding prediction maps "s 1 · · · s 5 " are "upscore-dsn6", "upscore-dsn5", "upscore-dsn4", "upscore-dsn3", and "upscore-dsn2" respectively. Optimization. To reduce training time, the proposed deep unified CRF model is optimized with two stages, including a pre-training and an overall optimization.
In the pre-training stage, we firstly optimize the model by adding feature-feature and feature-prediction messages passing to the front-end CNN. The parameters ∆ of the networks and the scale-specific parameters ε={ l } L l=1 are trained by minimizing the standard sigmoid cross-entropy loss. The output score maps at each scale are optimized respectively. Thus, the loss function is as follow:
where g i is the i-th ground-truth label and s l i is the i-th pixel on the prediction map at the l-th scale. N refers to the total number of image pixels over the training set.
In the second stage, overall parameter optimization is performed to the whole network. Still, the parameters {∆, ε} trained from the pre-training stage will be jointly optimized with the parameters β = {β l 1 , β l 2 } L l=1 for prediction-prediction message-passing at each scale. The sigmoid cross-entropy loss function is computed for the final scale L as follow:
Parameters. In this work, the VGG-16 [37] is adopted to initialize the parameters for the pre-training stage, and the front-end CNN is finetuned. The parameters for the pretraining stage are set as: batch size (1), learning rate (1e-9), max iter (14000), weight decay (0.0005), momentum (0.9), iter size (10) . The learning rate is decreased by 10% when the training loss reaches a flat.
In the second training stage, the parameters learned from the pre-training stage are optimized with a learning rate of 1e-12, while the parameters for prediction-prediction message-passing are learned with the learning rate as 1e-8. Another 10 epochs are trained for the overall optimization.
All the implementation is based on the public Caffe library [13] . The Gaussian pairwise kernels are implemented based on continuous CRF [44] . The GPU for training ac- 
Experiments

Datasets
For comprehensive comparisons, the proposed deep unified CRF saliency model is evaluated over six datasets, including: MSRA-B [30] , ECSSD [48] , PASCAL-S [25] , DUT-OMRON [49] , HKU-IS [24] and iCoseg [3] . MSRA-B is the training dataset consisting of 5000 images. ECSSD contains a pool of 1000 images with even more complex salient objects on the scenes. PASCAL-S is a dataset for salient object detection consisting of a set of 850 images from PASCAL VOC 2010 [6] with multiple salient objects on the scenes. DUT-OMRON dataset contains a large number of 5168 more difficult and challenging images. HUK-IS consists of 4447 challenging images and pixel-wise saliency annotation. ICoseg contains 643 images and each image may consist of multiple salient objects.
Evaluation Metrics
We employ two types of evaluation metrics to evaluate the performance of the saliency maps: F-measure and mean absolute error (MAE). When a given saliency map is slidingly thresholded from 0 to 255, a precision-recall (PR) curve can be computed based on the ground truth. Fmeasure is computed to count for the saliency maps with both high precision and recall:
where b 2 is set as 0.3 [1] to emphasize the precision. In this paper, the Max F-measure is evaluated. MAE [33] measures T σ α σ β σ γ ν 1 ν 2 F-measure MAE Table 1 . One CRF block with only message-passing between predictions at scale 5 is jointly trained with the backbone CNN for 10 epochs. The model is tested on ECSSD dataset. T refers to the number of mean-field iterations. The similarity kernel is controlled by σα and σ β and the weight ν1, while the proximity kernel is controlled by σγ and the weight ν2. The best performances are in bold while the second best results are underlined.
the overall pixel-wise difference between the saliency map sal and the ground truth gt:
Model Analysis
Gaussian Pairwise Kernels. Recall that ν 1 , σ α and σ β are pre-defined parameters to control the bandwidth of K 1 , while ν 2 and σ γ control the bandwidth of K 2 for prediction level message-passing. Various schemes of parameter settings are experimented as in Table 1 , of which one CRF block at scale 5 is jointly trained with the front-end CNN for 10 epochs. It can be perceived that when the similarity K 1 is emphasized, the output map receives better F-measure; when the proximity K 2 is emphasized, the MAE sharply reduces. Meanwhile, different settings of ν 1 and ν 2 result in the same performance. This is because that the mean-field iterations learn the weights of the two Gaussian pairwise kernels β 1 and β 2 respectively, such that we can initialize ν 1 and ν 2 as 1 1 . Thus, compared to Dense-CRF [19] , our proposed CRF releases two pre-defined parameters. Figure 5 presents three examples when the similarity K 1 or the proximity K 2 are emphasized respectively. When the proximity counts more, the output saliency maps are smoother. However, as the dog example shows, the saliency objects possess more ambiguous object boundaries. The similarity kernel, however, emphasizes more on the image feature similarity, such that it is more sensitive to boundary 1 We set ν 1 and ν 2 as 1 in the following experimental descriptions. division. But as the similarity may be too sensitive to the details on the image, this also results in some defects shown in the pyramids example where the left corner of the pyramids contains many flaws. For evaluation, F-measure is based on thresholded segmentation to evaluate region similarity [7] , while MAE calculates for pixel level accuracy. Thus, the emphasis on similarity gets better F-measure, while the emphasis on proximity gets better MAE. Scale-specific Gaussian Kernels. We evaluate the Fmeasure of the estimated prediction maps o l at each scale of the deep unified CRF model with only message-passing between predictions. With Gaussian kernels σ α = 10, σ β = 10, σ γ = 1, it results in the highest F-measure in Table 1 . According to Table 2 , the quality of the estimated prediction maps o l from the CRFs continuously improves remarkably at scale 2, 3 and 4. However, the prediction maps s 4 and s 5 from the front-end CNN possess similar Fmeasure and the estimated map o 5 from the CRFs has almost no improvements. Thus, effective F-measure enhancement is performed only at scales from 2 to 4. Hence, it is sufficient for the cascade CRFs structure to integrate five side outputs from CNN rather than integrating six scales of maps by DSS [11] and RA [4] models.
In practice, the parameters of the first three CRFs at the scales from 2 to 4 are set to emphasize similarity to enhance F-measure, while the parameters of the last CRF at the last scale 5 are set to emphasize proximity to further reduce MAE. Thus, the kernels of the CRFs at scale 2 to 4 are set as σ α = 60, σ β = 5,σ γ = 3 to emphasize more on the similarity, while the kernels of the CRFs at scale 5 are defined as σ α = 1, σ β = 10, σ γ = 10. T is set as 3 for efficient computation. Message-passing. We train the deep unified CRF model by involving variable combinations of message-passing within the inference. As in Table 4 , the baseline is the backbone CNN based on the enhance HED structure and we evaluate the F-measure of the output prediction map o 5 . By adding a Dense-CRF for post processing, the F-measure is 0.902. Then, the message-passing comparisons are conducted by implementing pairwise terms in Eq. 2 to the cascade CRFs architecture for joint model training. 1) By adding messagepassing between predictions, the F-measure rises to 0.921. Also, by joint training CRF through back propagation, the prediction map from the baseline framework improves from 0.884 to 0.899. 2) By adding message-passing between Table 3 . Evaluation results on six dataset and with models DRFI [14] , MDF [22] , RFCN [40] , DHS [26] , Amulet [51] , UCF [52] , DCL [23] , MSR [21] , DSS [11] , RA [4] and the deep unified CRF model. "+" marks the models utilizing Dense-CRF [19] for post-processing. "-" means that the corresponding dataset is used as the training data. The evaluation on MSRA-B is performed on the testing set.
Method F-measure
Baseline 0.884 Baseline + Dense-CRF (post-processing) [19] 0.902 Baseline + CRF (/w P) (backbone output) 0.899 Baseline + CRF (/w P) (CRF output) 0.921 Baseline + CRF (/w F) (CRF output) 0.904 Baseline + CRF (/w P & F) (CRF output) 0.928 Table 4 . F-measure of the estimated prediction map o 5 by implementing pairwise terms in Eq. 2 to the deep unified CRF model for message-passing comparisons. "P" refers to message-passing between predictions, "F" means message-passing between features, and "/w P & F" means CRF with feature-feature, featureprediction and prediction-prediction messages passing.
features, the F-measure is 0.904, with 2% increase to the baseline output. Finally, by adding feature-feature, featureprediction and prediction-prediction messages passing, the F-measure further improves to 0.928. Further, Figure 6 plots the training loss by the cascade CRFs architecture with and without feature-prediction message-passing respectively. Clearly, building connections between features and predictions facilitates more efficient model training. The running time of the cascade CRFs architecture is similar to DSS model with Dense-CRF, with the same parameter settings for Gaussian kernels, taking approximately 0.48s per image.
Cross Dataset Evaluation
For comprehensive analysis, the proposed deep unified CRF model is compared with ten state-of-the-art saliency models including DRFI [14] , MDF [22] , RFCN [40] , DHS [26] , Amulet [51] , UCF [52] , DCL [23] , MSR [21] , DSS [11] , RA [4] . All the models are CNN-based approaches except the DRFI model. All the implementations are based on public codes and suggested settings by the corresponding authors. Table 3 lists the max F-measure and MAE of the ten saliency models and the proposed deep unified CRF model over six datasets. It is observed that the deep unified CRF model results in better F-measure and significantly reduced MAE. Compared to DCL + [23] , MSR [21] and DSS + [11] that apply Dense-CRF [19] as a post-processing method, the proposed jointly trained cascade CRFs effectively improve the performance. Figure 7 presents saliency maps from the compared models and the proposed deep unified CRF model.
Image
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MDF RFCN DHS Amulet UCF DCL MSR DSS RA Ours + + + Figure 7 . Examples of saliency maps from MDF [22] , RFCN [40] , DHS [26] , Amulet [51] , UCF [52] , DCL [23] , MSR [21] , DSS [11] , RA [4] and the proposed deep unified CRF model. "+" marks the models utilizing Dense-CRF [19] for post-processing.
Noise
Besides horizontal flipping for data augmentation, we explore other noise adding methods for robust model training. We add one CRF block with only prediction-prediction message-passing at scale 5 and jointly train with CNN for 10 epochs, and test the F-measure of the prediction map o 5 with various noise adding methods, on ECSSD dataset. Data augmentation with horizontal flipping results in Fmeasure as 0.910.
Firstly, we enlarge the training sets with both the horizontal flipping and the vertical flipping, the F-measure slightly decreases to 0.905. This may because that the symmetry properties for salient objects mostly apply to horizontal directions. Also, we add noises to the images, i.e., blurring, sharpening, Gaussian noise, and inversion, for data augmentation. The training takes much longer time and the F-measure is 0.896. Different from the detection and recog-nition tasks, the salient object detection tasks attach more importance to the smoothness of the resulted saliency maps. This may be the reason why additional augmentation does not result in a better model.
Conclusion
This paper presents a novel deep unified CRF model. Firstly, we jointly formulate the continuous features and the discrete predictions into a unified CRF, which provides explainable solutions for the features, the predictions, and the interactions among them. Secondly, we infer mean-field approximations for highly efficient message-passing, leading to distinct model formulation, inference, and neural network implementation. Experiments show that the proposed cascade CRFs architecture results in highly competitive performance and facilitates more efficient model training.
